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Pulsatory eruptions are marked by a sequence of explosions which can be separated by time intervals 
ranging from a few seconds to several hours. The quantification of the periodicities associated with 
these eruptions is essential not only for the comprehension of the mechanisms controlling explosivity, 
but also for classification purposes. We focus on the dynamics of pulsatory activity and quantify 
unsteadiness based on the distribution of the repose time intervals between single explosive events 
in relation to magma properties and eruptive styles. A broad range of pulsatory eruption styles are 
considered, including Strombolian, violent Strombolian and Vulcanian explosions. We find a general 
relationship between the median of the observed repose times in eruptive sequences and the viscosity 
of magma given by η ≈ 100 · tmedian. This relationship applies to the complete range of magma viscosities 
considered in our study (102 to 109 Pa s) regardless of the eruption length, eruptive style and associated 
plume heights, suggesting that viscosity is the main magma property controlling eruption periodicity. 
Furthermore, the analysis of the explosive sequences in terms of failure time through statistical survival 
analysis provides further information: dynamics of pulsatory activity can be successfully described in 
terms of frequency and regularity of the explosions, quantified based on the log-logistic distribution. 
A linear relationship is identified between the log-logistic parameters, μ and s. This relationship is 
useful for quantifying differences among eruptive styles from very frequent and regular mafic events 
(Strombolian activity) to more sporadic and irregular Vulcanian explosions in silicic systems. The time 
scale controlled by the parameter μ, as a function of the median of the distribution, can be therefore 
correlated with the viscosity of magmas; while the complexity of the erupting system, including 
magma rise rate, degassing and fragmentation efficiency, can be also described based on the log-logistic 
parameter s, which is found to increase from regular mafic systems to highly variable silicic systems. 
These results suggest that the periodicity of explosions, quantified in terms of the distribution of repose 
times, can give fundamental information about the system dynamics and change regularly across eruptive 
styles (i.e., Strombolian to Vulcanian), allowing for direct comparison and quantification of different types 
of pulsatory activity during these eruptions.
© 2016 Elsevier B.V. All rights reserved.1. Introduction
Unsteady, pulsatory dynamics is typical of relatively low en-
ergy volcanic eruptions in which the eruptive event consists of 
a sequence of explosions of similar intensity. Pulsatory eruptive 
activity is considered as typical of Strombolian and Vulcanian ac-
tivity (e.g. MacDonald, 1972), but may also occur in other types 
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0012-821X/© 2016 Elsevier B.V. All rights reserved.of eruptions. Spacing and intensity of explosions can significantly 
affect the eruptive dynamics. In fact, very closely spaced explo-
sions might originate as unsteady jets, but generate steady plumes, 
whereas low-frequency explosions might result in discrete explo-
sive plumes (Valentine and Gregg, 2008; Chojnicki et al., 2015; 
Fig. 1). For this reason, the variability of intensity and frequency 
of explosive pulses results in eruption complexity, which is charac-
teristic of Strombolian, violent Strombolian (typically associated to 
mafic eruptions) and Vulcanian eruptions (typically associated to 
silicic eruptions). However, such variability can also characterise
other eruptive styles, such as Hawaiian or Surtseyan eruptions. 
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Summary of eruption and magma properties in the analysed eruptive sequences. Eruptive style: Strombolian (S), violent Strombolian (VS), Vulcanian (V) and lava fountain (LF). 
Viscosity estimation based on groundmass glass composition, minimum and maximum values of water content and crystallinity (Details on ESM1). Plume Height given in km 
above the vent. Data acquisition uncertainty considered as the absolute error. References: (1) Hill et al. (1998), (2) INGV (2012), (3) Ripepe et al. (2013), (4) Sahetapy-Engel 
et al. (2008), (5) Iguchi (2013), (6) Druitt et al. (2002), (7) Ruiz et al. (2005), (8) Varley et al. (2006), (9) Webb et al. (2014), (10) Watt et al. (2007), (11) Dirksen et al. (2006), 
(12) Valade et al. (2012), (13) Ripepe et al. (2008).















Etna (Et-Ju) (07.29.2012) Basalt 2.04 (1.53–2.56) – 2.4 1 0.8 S
Cerro Negro (CN) (11.30.1995) Basalt 3.10 (2.22–3.99) 0.1–0.8 (1) 7.2 2 3.5 VS
Etna (Et-Ap) (04.12.2012) Basalt 2.28 (1.70–2.85) 0.1–3.0 (2) 1.6 3 1.0 LF
Eyjafjallajökull (Eyj) (05.04.2010) Andesite 4.26 (3.99–4.52) 0.4–7.0 (3) 25.0 1 21.7 V
Santiaguito (Stg) (08–12.01.2003) Dacite 6.84 (4.99–8.70) 1.0–4.0 (4) 1148.3 1 1454.4 V
Sakurajima (Skj-Sh) (01.09.2011–2.01.2003) Andesite 6.56 (5.09–8.02) 0.4–2.5 (5) 6840.0 50 28784.3 V
Sakurajima (Skj-M) (09.05.1977–27.09.1978) Andesite 7.37 (5.73–9.01) – 43710.0 20 150388.3 V
Soufrière Hills (SH) (21.09.1997–21.10.1997) Andesite 7.74 (6.35–9.13) 0.4–15.2 (6) 33240.0 20 17430.8 V
Published Data
Anak Krakatau (AK) (12–13.01.1960) Andesite 4.31 (3.40–5.22) – 124.0 (10) – 7980 V
Stromboli (Str) Basalt 4.33 (3.65–5.04) 0.05–0.4 (13) 270.0 (13) – – S
Kameni Island (KI) (22–23.02.1926) Andesite 4.80 (3.89–5.69) – 214.8 (10) – – V
Tungurahua (Tgh) (2004) Andesite 4.81 (4.07–5.55) 0.1–3.0 (7) 764.4 (8) – – V
Arenal (Are) (10–22.02.2005) Andesite 4.99 (3.90–6.10) 1.0–3.0 (12) 1800.0 (12) – – V
Colima (Col) (May 2002) Andesite 5.33 (4.20–6.47) 0.6–1.6 (9) 308.3 (8) – 765 V
Shiveluch (Svl) (4 Jan 2002–30.11.2003) Andesite 6.83 (4.82–8.83) 1.0–11.0 (11) 24444.0 (11) – – VFig. 1. Photographs showing type explosions from eruptions selected in the dataset. 
Cerro Negro picture is an instantaneous from the video, while Etna picture 
was taken by D. Andronico, Eyjafjallajökull by C. Bonadonna and Sakurajima by 
L. Dominguez.
Unfortunately, this complexity is not encompassed by current clas-
sification schemes as they are mostly based on deposit properties, 
e.g. tephra dispersal, grainsize and/or erupted volume, with the as-
sumption of steady-state conditions (e.g. MacDonald, 1972; Walker, 
1973; Pyle, 1989). Pulsatory volcanic activity has been also studied 
in terms of fluid and source dynamics at specific volcanoes (Mason 
et al., 2006; Sahetapy-Engel et al., 2008; Marchetti et al., 2009;
Gonnermann and Manga, 2012; Moitra et al., 2013). In the con-
text of these studies, it is important to quantify unsteadiness and 
relate it to traditional eruptive styles. In addition, the unsteady be-
haviour of explosive eruptions cannot be defined based only on the 
stratigraphic record. For example, it is difficult to constrain closely-
spaced single Strombolian or Vulcanian events from a stratified 
fallout deposit, and no information about the timescale of explo-
sive pulses can be derived from individual tephra layers. Moreover, 
many small explosions of similar magnitude can generate mas-
sive deposits, making it difficult even to identify the discontin-uous behaviour of the eruptions. For these reasons, classification 
schemes that are only based on deposit features cannot well de-
scribe the complexities of unsteady activity and are difficult to 
apply to small-moderate eruptions that are typically characterised
by a large variability of intensity and frequency of explosive pulses 
(Bonadonna et al., 2014). The quantification of the pulsatory be-
haviour of these eruptions is fundamental not only for the under-
standing and classification of eruptive styles, but also for hazard 
assessment, especially in the case of long lasting eruptions.
This study compares different pulsatory eruptions of variable 
eruptive style (i.e. efficiency of fragmentation, intensity and vari-
ability of pulses) based on the distribution of repose time be-
tween pulses. Here, pulsatory explosive activity is considered as a 
stochastic renewal process (Marzocchi and Bebbington, 2012) and 
is studied based on the statistical analysis of the duration of re-
pose times (i.e. failure time sensu stricto, Cox and Oakes, 1984). 
Repose time (t) is defined as the time interval elapsed between the 
onsets of two consecutive explosive events, which we use to de-
termine the distribution and frequency of explosions. In general, 
mafic magmas display eruptions with frequent pulses (10−1–102 s; 
Table 1), while intermediate and silicic magmas have less frequent 
pulses (102–105 s; Table 1). An explosive event (i.e. explosion) in-
dicates one single explosive pulse, while an eruption indicates an 
explosive sequence comprising several to thousands of explosive 
events. In any case, open vent conditions (i.e. active vent out-
gassing during long repose times) characterise the entire explo-
sive sequence. We associate each pulse to a magma fragmentation 
event (failure), but our study does not imply any failure mechanics 
model (e.g. Voight, 1988).
A systematic statistical approach is necessary to quantitatively 
describe the variability and distribution of explosions, despite sig-
nificant differences in the timescales of this activity at different 
volcanoes (repose time between explosions ranging from seconds 
to few days). Statistical models are commonly applied to study the 
distribution of repose times either between eruptions (e.g. Pyle, 
1998; Dzierma and Wehrmann, 2010; Marzocchi and Bebbing-
ton, 2012) or between Vulcanian explosions (Connor et al., 2003;
Varley et al., 2006; Watt et al., 2007).
Consequently, we analyse sequences of explosions of variable 
intensity and explosivity (Strombolian, violent Strombolian and 
Vulcanian), to i) examine the basic descriptive statistical param-
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magma properties, ii) perform a detailed statistical analysis on se-
lected datasets by fitting specific distributions to the repose times, 
and iii) compare the main distribution parameters of the eruptions 
for a more precise description of the variability and characteristics 
of pulsatory explosive styles.
2. Datasets
Eruptive sequences were analysed based on the general prop-
erties of the repose-time distribution and eruption characteristics 
already published by previous authors (Table 1). Among them, 
original data from 8 explosive sequences that occurred at 6 volca-
noes were analysed in detail. Specific information on the original 
explosive sequences is provided in the following sections.
2.1. Mount Etna volcano (Italy)
Mount Etna is an active volcano characterised by persistent and 
frequent effusive and explosive activity with open vent outgassing 
conditions and high initial magma volatile content (Spilliaert et al., 
2006). Recently, summit activity has occurred at five distinct cones, 
known as the Northeast crater (NEC), the Voragine and Bocca 
Nuova, the Southeast crater (SEC) and the younger New Southeast 
crater (NSEC). Between 2011 and 2015 all eruptive activity at NSEC 
consisted of brief episodes of vigorous lava fountaining (approx. 50 
episodes), known as “paroxysms”, and some Strombolian activity 
(Andronico et al., 2014).
2.1.1. Eruption of 29 July 2012 (Et-Ju)
Intermittent Strombolian activity started on 2 July 2012 at the 
Bocca Nuova crater and persisted until the end of August 2012 
(Ciancitto et al., 2012). The time series for this explosive sequence 
consists of regular Strombolian explosions with repose intervals 
ranging from 0.16 to 7 s, derived from around 28 min of video 
footage recorded on 30 July 2012.
2.1.2. Eruption on 12 April 2012 (Et-Ap)
Since 10 April 2012, Strombolian explosions were reported at 
the NSEC by the INGV (2012). On 12 April, a second vent opened 
at 15:42 (local time) with predominantly Strombolian activity and 
emission of poor-fed lava flows. During this period both vents were 
the locus of mixed activity, including minor Strombolian explo-
sions and lava fountains producing ash plumes up to 3 km above 
sea level (a.s.l.). Around 17:15 the paroxysmal phase stopped while 
lava flows, no longer fed, continued to move towards the Valle del 
Bove (INGV, 2012). Around 40 min of video footage was analysed, 
with observed repose intervals ranging from 0.12 to 5.76 s.
2.2. Cerro Negro volcano, Nicaragua (CN)
Cerro Negro is a basaltic volcano characterised by volatile-
rich magmas producing eruptions of different magnitude since it 
started its activity in 1850 (Roggensack et al., 1997; Hill et al., 
1998). The 1995 eruption started on 24 May and increased in 
frequency and intensity with time, producing phreatic explosions 
and plumes between 100 and 1000 m above the vent. Activity de-
clined to cessation on 9–16 August 1995. The last phase of this 
eruption started on 19 November 1995 with low energy Strombo-
lian explosions constructing a small cinder cone within the 1992 
crater, accompanied by lava flows to the North. From 28 Novem-
ber to 2 December 1995, the explosive activity increased, forming 
a volcanic cloud dispersed to the W and SW, fed by explosions 
spaced between 2 and 7 s. The plume reached a maximum height 
of 810 ± 20 m above the vent on 1 December 1995. From 2 to 6 
December 1995, small explosions marked the end of the eruption, with a final burst after 26 hrs hiatus (Hill et al., 1998). A sequence 
of 50 min of video footage recorded on 30 November 1995 was 
analysed showing a sequence of Strombolian to violent Strombo-
lian explosions whose repose interval ranged from 0.33 to 22 s.
2.3. Eyjafjallajökull, Iceland (Eyj)
Eyjafjallajökull is a small-volume basaltic volcano whose last 
eruption started on 14 April 2010 at the main summit and lasted 
39 days (14 April–22 May). Four main eruption phases were iden-
tified and well documented (e.g. Gudmundsson et al., 2012). In this 
study, we analysed about 100 minutes of thermal images from the 
4 May, during the beginning of the second explosive phase, with 
explosions occurring with repose intervals ranging from 1 to 105 s. 
Thermal image analysis for this period shows that the plume was 
sustained by a series of thermal puffs of hot gases and ash, occur-
ring at a mean period of around 30 s, and reaching heights up to 
2 km a.s.l. (Ripepe et al., 2013).
2.4. Santiaguito, Guatemala (Stg)
Santiaguito, considered to be one of the most active volcanoes 
in Central America during the last 150 yrs (Rose, 1972), is a dacitic 
dome complex formed by 4 vents (i.e. “El Caliente”, “La Mitad”, “El 
Monje” and “El Brujo”). During 2003, its activity was characterised
by weak Vulcanian explosions associated with low but continuous 
degassing with magma eruption rates up to 2–3 kg s−1 (Harris et 
al., 2003). In this study, 84 explosions with repose intervals rang-
ing from 110 s to about 2 hrs were extracted from the coupled 
records of a thermal–acoustic–seismic array deployed in January 
2003 by Sahetapy-Engel et al. (2008), who described the explo-
sions as thermal emissions related to shear-induced fragmentation 
due to a stick-slip flow regime. These emissions had durations of 1 
to 8 min and repose periods of 1 to 56 min.
2.5. Sakurajima, Japan
Sakurajima is the most active volcano in Japan. It is charac-
terised by intermittent explosions first recorded at Minamidake 
crater (7.900 Vulcanian explosions from 1955 to 2005, Iguchi, 
2013); and then gradually shifting to Showa crater with an ini-
tial phreatic period (2006–2007), followed by Vulcanian explosions 
starting on the 3 February 2008 to the present. The annual fre-
quency in 2010–2011 was almost double that of older Minamidake 
activity, but the explosions had intensities 1 to 2 orders of magni-
tude smaller (Iguchi, 2013). Two sequences of Vulcanian explosions 
have been analysed: i) the explosions between May 1973 and April 
1979 at Minamidake crater, represented by a dataset of 434 explo-
sions between 9 May 1977 to 27 September 1978, with repose 
intervals ranging from 4 min to 12 days (i.e. Skj-M dataset); and 
ii) the explosions from 1 September 2011 to 2 January 2012 at 
Showa crater, with repose intervals from 2 min to around 2 days 
(i.e. Skj-Sh dataset).
2.6. Soufrière Hills, Montserrat (SH)
Explosive activity at Soufrière Hills volcano started in 1995 
and is still ongoing. Activity during 1997 was characterised by 2 
regular cycles of Vulcanian explosions in August and September–
October. In this study we have considered the consecutive period 
of 74 Vulcanian explosions that occurred in September–October 
extracted from seismic data and observations (Druitt et al., 2002), 
which have been previously analysed by Connor et al. (2003) and 
Watt et al. (2007). This activity is characterised by cyclic patterns 
of seismicity and conduit deformation accompanied by Vulcanian 
explosions, dome extrusion, dome collapses and ash-venting (Pyle, 
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Summary of the specific characteristics of the eruption studied. n = num-
ber of explosions analysed. Range values are the shortest and longest repose 
times. Sakurajima–Showa dataset based on acoustic data, compiled from http://
www.data.jma.go.jp/svd/vois/data/tokyo/eng/volcano-activity/monthly.htm. Soufrière 
Hills dataset based on seismic data, from Druitt et al. (2002).
Volcano Dataset n Range 
(s)
Etna (Italy)
Bocca Nuova crater Et-Ju 343 0.16–5.60
NSEC crater Et-Ap 442 0.12–5.76
Cerro Negro (Nicaragua) CN 371 0.33–21.85
Eyjafjallajökull (Iceland) Eyj 91 4–105
Santiaguito (Guatemala) Stg 84 110–6.39e3
Sakurajima (Japan)
Showa crater Skj-Sh 545 120–1.95e5
Minamidake crater Skj-M 434 240–1.06e6
Soufrière Hills (Montserrat) SH 74 8.8e3–1.21e5
1998; Druitt et al., 2002). In particular, the September–October 
Vulcanian cycle, characterised by explosion intervals of 2.5 to 34 
hrs, was initiated by magma decompression induced by a large 
dome collapse.
3. Methods
3.1. Original data acquisition
Explosive pulses were identified either as distinct eruptive jets 
in visual records of the eruptions, with analysis of individual 
frames or as significant peaks in geophysical monitoring records 
(i.e. seismic, thermal, and/or acoustic signals). The error associated 
with estimating the repose interval data using different data ac-
quisition strategies was quantified by considering i) the sampling 
rate of the instrumentation employed (i.e. the sampling frequency 
of geophysical signals and frames per second of digital videos), 
ii) the error associated with the identification of the onset time 
of recorded events (i.e. aleatory uncertainties), which is consid-
erably larger for explosive events whose duration is of the same 
order of magnitude of the repose time (i.e. violent Strombolian 
and Lava Fountain activity); and iii) the error associated with the 
statistical analysis quantified as the standard error of each fitted 
parameter. All these sources account for an absolute error on the 
estimation of the repose intervals ranging from 1 s to 1 min result-
ing in an increasing accuracy of the measured intervals for longer 
lasting eruptions (i.e. hours to days, Table 1 and 2).
3.2. Magma viscosity
Groundmass glass composition and crystal content in pumice 
and scoria were considered as representative of melt composi-
tion and its crystallinity, respectively. Viscosity of the melt was 
calculated at the eruptive temperatures, either derived from di-
rect measurement or petrology constraints. To take into account 
the uncertainty in the quantification of the dissolved water con-
tent, a maximum viscosity was calculated for degassed melt (i.e. 
with 0.5 wt.% dissolved water) and a minimum viscosity for un-
degassed melts (i.e. with the maximum dissolved water as mea-
sured in melt inclusions). Melt viscosity was calculated following 
Giordano et al. (2008) and the effect of crystals on magma viscos-
ity was accounted based on the model of Costa et al. (2009).
3.3. Survival analysis
Different statistical models can be applied to describe the dis-
tribution in time of the repose interval through survival analysis. 
Survival analysis of the repose interval is a univariate statisti-
cal technique that associates a single response, time to failure, to many explanatory variables (Cox and Oakes, 1984) and allows for 
the direct comparison of complex system responses resulting from 
the interaction of several physical processes.
The models used in this study apply only to stationary and in-
dependent time series whose probability distribution is constant 
in time. Stationarity of the repose interval was assessed for each 
eruptive sequence based on a moving-average test that provides 
a smoothed curve around the mean ±1σ limits and highlights 
the trends present in the dataset. It is important to highlight that 
within each sequence, consecutiveness and stationary conditions 
were tested in order to ensure homogeneous eruptive style; in the 
case these conditions were not met for the entire raw sequence, 
the statistical analysis was performed on stationary and consecu-
tive time windows (i.e. datasets). Specific tests were performed on 
each dataset to determine if consecutive pulses are independent of 
what occurred before, a feature known as the lack of “memory of 
the system” or independence property. This property can be tested 
by calculating the correlation coefficient (R) between successive 
repose intervals, visualised in a correlation scatter plot or lag cor-
relation plot. This is a relatively simple method, applicable only to 
stationary datasets, which consists of comparing an identical copy 
of data that has been displaced by a fixed time. For example, given 
a dataset T1,T2, . . . , Tn; and a lag = 1, one can plot Ti vs Ti+1 for 
all i. If no time correlation exists between repose intervals, the 
correlation coefficient equals zero or fluctuates around zero, oth-
erwise, correlation coefficients will be larger than confident limits, 
usually estimated as the mean ±2σ (Cox and Lewis, 1966).
Each distribution can be expressed in terms of a Probability 
Density Function (PDF), f T (t); a Cumulative Distribution Function 
(CDF), FT (t); a Survivor Function (SF), ST (t). The PDF is the func-
tion describing the probability that a given repose interval will 
exceed some time period t but will not exceed t + dt:
f T (t) = limdt→0 P (t < T ≤ t + dt)dt . (1)
The CDF, or explosion probability, is the probability that the repose 
interval is shorter than the time period t:
FT (t) = P [T ≤ t] =
t∫
0
f T (u)du. (2)
If the CDF is continuous and differentiable, then the PDF is the 
derivative of the CDF. The SF is the probability of a repose interval, 
T , to exceed a time period t . In other words, SF describes the prob-
ability of not having an explosion during the period when T < t:
ST (t) = P [T > t] = 1− FT (t), (3)
All parametric models were fit to observed repose time datasets 
by maximising the appropriate likelihood function for each dis-
tribution in order to determine optimal values of the estimated 
coefficients. Likelihood values can be used to compare the fit 
of different models on the same dataset by using the negative 
of the log-likelihood values (better fits are related to lower val-
ues). In this study, fitting of distributions was evaluated through 
the maximum likelihood function (MLE) of MATLABTM for sev-
eral distribution models including exponential, Weibull, gamma, 
log-logistic and log-normal distributions (Cox and Oakes, 1984;
Nelson, 1982). The method used to evaluate the goodness-of-fit is 
the Kolmogorov–Smirnov-Test (KST), based on the maximum dif-
ference between an empirical and a hypothetical cumulative dis-
tribution, evaluated at 5% confidence levels (Nelson, 1982).
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(tmedian). Error bars in X-axis correspond to the absolute error in the median and 
blue bars in Y-axis correspond to the range of calculated viscosities according to a 
minimum and maximum water content. Circles: eruptions analysed in this study, 
squares: published data (labels as in Table 1). Red line corresponds to the linear 
regression of equation (4) with the 95% confidence bounds. Dashed black line rep-
resents the simplified relation based on the equation (6).
4. Results
4.1. Main characteristics of the eruptive sequences
In most of the analysed sequences, explosions were associ-
ated with either contemporaneous lava effusion or dome growth, 
and vent outgassing. The explosions were classified as Strombo-
lian, violent Strombolian and Vulcanian explosions based on semi-
quantitative or quantitative criteria (see Tables 1, 2 and Table 1 in 
the ESM2 for specific references). Repose times range from 10−1
to 106 s, with median values ranging from 1.6 to 2.4 × 105 s. Ex-
plosions formed plumes with heights ranging from a few hundred 
meters to 15 km above the vent; magma compositions range from 
basalt to andesite and dacite, with magma crystallinities ranging 
from 15 to 43 vol.%. The data reveal that the periodicity of the ex-
plosions changes with magma compositions: mafic explosions are 
more frequent than explosions fed by intermediate and silicic mag-
mas (Table 1).
The comparison between the median of observed repose time 
(tmedian [s]) and magma viscosity (η [Pa s]) of pulsatory eruptions 
shows a strong correlation (i.e. linear in a log–log plot, Fig. 2). This 
relationship can be expressed as:
logη = a · log tmedian + b, (4)
where model parameters are estimated by linear regression, by 
taking into account the uncertainty associated with the viscosity 
parameter: a = 1.10 ± 0.13[ log(Pa s)log(s) ] and b = 2.27 ± 0.25[log(Pa s)], 
with R2 = 0.85 and Pearson correlation coefficient = 0.92.
Note that a is not distinguishable from unity (1), so the equa-







Furthermore, based on the linear regression, letting b = 2:
η ≈ 100 · tmedian. (6)
This relationship is valid to one order of magnitude for magma 
compositions varying from 102 to 109 Pa s and all eruptive styles 
analysed in this study.Fig. 3. (a) Etna July Time Series showing 3 main phases including the complex-
ity linked to vent shifting. Blue lines represent the mean (middle) and mean ±1σ
(upper and lower limits) and red line is the moving average test showing station-
arity. Green window frame represents the selected dataset based on consecutive 
and stationary conditions. (b) Plot of probability functions including PDF, CDF and 
SF and fitted distributions for the stationary dataset. L–L: log-logistic, W: Weibull, 
G: gamma and E: exponential distributions.
4.2. Statistical analysis
Within each explosive sequence, a time series analysis was per-
formed to assess stationarity and to select datasets. As an example, 
Fig. 3a shows the entire Etna July sequence, and the subsequent 
analysed dataset. Further details of the other case studies, such 
as the time series, analysed windows and fitted distributions, are 
available in the supplementary material (Figs. 1 to 7, ESM1). The 
main characteristics of the analysed datasets are summarised in 
Tables 1 and 2, including eruptive style, number of explosions and 
the maximum and minimum values of repose interval between 
explosions. Repose intervals for all the datasets are also time in-
dependent, as shown by the lack of significant peaks in the corre-
sponding correlograms (Fig. 4). This independence in time means 
that these systems do not have a “memory” during a steady state 
eruption and, consequently, that the timing of an explosion is con-
trolled only by the elapsed time since the previous pulse.
Considering these properties, pulsatory activity can be success-
fully examined as a renewal process where the system recovers 
after a previous explosion while the eruption dynamics does not 
change. Fitted distributions are graphically shown in the Fig. 3b 
and the supplementary material (Figs. 1 to 7, ESM1). None of the 
datasets is well fit by an exponential distribution, rejecting the hy-
pothesis of a homogeneous Poisson process controlling explosions, 
meaning that these systems are not controlled by random fail-
ure modes and constant eruption hazard rates (Wickman, 1966). 
Instead, most of our datasets are well described by log-logistic, 
log-normal, Weibull and gamma models (Table 3). Moreover, all 
the distributions are fitted using two independent parameters, 
which uniquely define each dataset. These parameters appear lin-
early correlated for log-normal and log-logistic distributions, sug-
gesting that they could reflect significant information about the 
eruptive dynamics (correlation coefficients in the Table 3). Be-
tween these distributions, we note that the log-logistic one is the 
most used to describe explosive sequences (Connor et al., 2003; 
Varley et al., 2006; Watt et al., 2007), allowing for the direct com-
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Table 3
Minimum and maximum Likelihood estimators and correlation of distribution parameters.
Dataset Negative log-likelihood values
Log-logistic Log-normal Gamma Weibull Exponential
Et-Ju 395 419 402 412 655
CN 977 988 971 975 1130
Et-Ap 614 612 593 593 671
Eyj 393 391 391 393 406
Stg 716 718 713 713 719
Skj-Sh 5855 5843 5894 5880 5926
Skj-M 5397 5391 5407 5398 5434
SH 813 815 815 821 848
Correlation coefficient of Pearson for distribution parameters
R (p-value) 0.66 (0.076) 0.62 (0.101) −0.45 (0.265) −0.48 (0.223)
R (p-value)* 0.96 (0.002) 0.97 (0.001) −0.47 (0.351) −0.59 (0.216)
* Correlation coefficient calculated excluding SH and Et-Ap datasets.parison with previously published data. We will thus focus on the 
results associated with the log-logistic parameters.
4.3. Parameters of the log-logistic distribution
The log-logistic distribution is fitted using the parameters α (i.e. 
the median of the repose interval distribution, called scale) and β
(i.e. distribution shape). In particular, the value tmedian is the me-
dian observed, while the value of α is associated with the median 
of a statistical distribution of observed data. The derived parame-
ters μ and s, which can be expressed as μ = ln(α), and s = 1/β , 
in analogy with the logistic distribution, better describe the fre-
quency and variability (i.e. regularity) of each dataset (Fisk, 1961). 
The log-logistic PDF and CDF functions are given respectively by:
PDF = f (t) = e
ln(t)−μ
s
s(1+ e ln(t)−μs )2
, (7)
CDF = F (t) = 1
1+ e ln(t)−μs
, (8)
Fig. 5 shows the CDFs for the analysed datasets, while the cor-
responding parameters μ and s are summarised in Table 4. In gen-
eral, the time scale of the distributions is controlled by the param-
eter μ, while the shape of the distributions is strongly controlled 
by s. CDF curves show a shift from more frequent (μ = 0.34, 
Et-Ap) to less frequent explosions (μ = 10.66, Skj-M). The dis-
tributions corresponding to Et-Ju, CN, Et-Ap, Eyj and SH datasets 
are associated with lower values of s (0.18–0.41) and show steep-
est curves; while Stg, Skj-Sh and Skj-M datasets display less steep 
curves and are associated with high values of s (0.48–0.85). The Fig. 5. Log-logistic CDFs for all the datasets exhibiting a gradual shift in the X-axis 
from more frequent (low μ) to less frequent (high μ) explosions. The variability 
of probability with respect to repose time reflect the variation of s: rapid variation 
is associated with lower s than gradual variation. Dashed curves correspond to the 
empirical CDFs.
physical meaning of μ and s in terms of frequency and regularity 
of the process implies that systems with higher eruption frequency, 
such as Et-Ju, CN, Et-Ap, Eyj, are also more regular than systems 
with lower eruption frequency, such as Stg, Skj-Sh and Skj-M. This 
basic trend observed in the frequency and regularity of pulsatory 
activity correlates with magma properties (i.e. composition and 
viscosity of magmas) and conduit processes, which ultimately gen-
erate a specific eruptive style. These interactions will be explored 
in the next section.
Finally, we note that lava fountain activity (i.e., Et-Ap), which 
is characterised by very short repose times between energetic 
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Log-logistic parameters for the analysed dataset and published data. SE = Standard error. KST: Kolmogorov–
Smirnov goodness of fit test reported as p-value, which is the probability of observing the test statistic as extreme 
as the log-logistic model. Values lower than the significance level (here, 0.05) are usually considered as rejection 
(R) of the model. References labelled as in Table 1.
Dataset Log-logistic parameters
μ [s] μ (SE) s s (SE) KST
Et-Ju 0.87 0.03 0.18 0.01 0.06
CN 1.96 0.05 0.27 0.02 0.57
Et-Ap 0.34 0.07 0.41 0.03 0.05
Eyj 3.25 0.15 0.41 0.06 0.58
Stg 7.31 0.18 0.48 0.08 0.96
Skj-Sh 8.95 0.12 0.81 0.05 0.05
Skj-M 10.66 0.14 0.85 0.06 0.28
SH 10.37 0.10 0.25 0.04 0.84
Published data (Ref.)
Tgh (2004) (8) 6.64 – 0.79 – 0.71(0.10)*
Col (May 2002) (8) 5.73 – 0.62 – R
AK (12–13 Jan 1960) (10) 4.82 – 0.39 – 0.31
KI (22–23 Feb 1926) (10) 5.37 – 0.53 – 0.44
Svl (4 Jan 2002–30 Nov 2003) (11) 10.10 – 0.83 – –
* KST: Kolmogorov Smirnov test reported by Varley et al. (2006) as test statistic (significance level).magma jets, likely represents a transition towards steady state ac-
tivity, with the duration of pulses approaching their repose times. 
Given that the log-logistic goodness-of-fit is poor, as evidenced in 
the low p-value of the KST (Table 4), this dataset will be disre-
garded from further analysis.
5. Discussion
Pulsatory eruptions are fed by magma of almost any composi-
tion (and viscosity) showing a large variability of explosion inten-
sity, frequency and duration. In all the analysed cases, contempo-
raneous lava dome or lava flow activity and inter-explosive vent 
outgassing suggest that separated two-phase flow regimes in the 
conduit (i.e. the uncoupled-rise of gas and magma) characterise the 
discontinuous explosive style. In pulsatory events, the frequency 
of explosions reflects the timescale of the repose interval and it 
is expected to be a direct function of fragmentation processes, 
which are in turn affected by magma degassing, permeability 
development, overpressure and shearing effects (Cashman, 2004;
Mueller et al., 2008). Magma viscosity controls not only fragmen-
tation mechanisms (i.e. inertially-driven to fragile) but also flow 
dynamics in the conduit, including flow regimes and their tran-
sitions (Papale, 1999; Gonnermann and Manga, 2012; Pioli et al., 
2012), suggesting that the analysed explosive sequences are char-
acterised by distinct conduit flow and fragmentation dynamics. 
For example, the separated flow dynamics in low-viscosity sys-
tems is controlled by bubble rise (Vergniolle and Jaupart, 1986;
Pioli et al., 2012), whereas in high-viscosity systems it develops as 
permeable, fracture-controlled flow (Diller et al., 2006). However, 
in both cases the explosive regimes result in periodical shifting of 
flow properties, which ultimately control fragmentation dynamics. 
The empirical relationship between magma viscosity and median 
of the repose time (eq. (4)) suggests that viscosity is the main 
magma property which ultimately controls the frequency of ex-
plosions in open vent systems. This empirical relationship applies 
regardless of the distribution model used, eruption length, eruptive 
style and associated plume heights, with no significant shift or dis-
continuity, and is valid for viscosities ranging from 102 to 109 Pa s, 
being representative of almost the entire range of magma composi-
tions. This result implies that, at stationary conditions, i) variations 
in the median explosion frequency reflect main changes in the 
magma viscosity (i.e. crystallinity, volatile content or composition) 
and ii) these variations occur across distinct flow regimes and frag-
mentation dynamics. We note that conduit flow regimes could be potentially discriminated by taking into account further eruptive 
parameters (i.e. mass erupted, MER or outgassing dynamics, Green 
et al., 2013). Unfortunately, these are rarely available for single ex-
plosive pulses, preventing eruption comparison.
Survival analysis of selected representative eruptions gives ad-
ditional information on the temporal distribution of explosions (i.e. 
the type and shape of the distributions of repose times). The tim-
ing of explosive events results from a combination of several pro-
cesses acting in the conduit, which ultimately favour, or inhibit, 
magma fragmentation and explosion. The properties of the distri-
butions show regular variations in shape and time-scale reflected 
by a continuous variation of the statistical log-logistic parameters 
μ and s (Fig. 5), resulting in a strong positive correlation between 
both parameters, as evidenced in Fig. 6. This is a robust corre-
lation that matches with the qualitative classification of eruptive 
styles based on observations (Table 1), and confirms a continuous 
variation of characteristics passing from more frequent and regu-
lar Strombolian and violent Strombolian eruptions to less frequent 
and irregular Vulcanian eruptions.
A clear outlier to this trend is the SH dataset, which shows 
lower value of s (i.e. more regular eruptions) with respect to simi-
lar style eruptions, such as Skj-Sh and Skj-M datasets. Such regular 
periodicity in SH dataset could be induced by deeper processes 
where frequency is strictly controlled by magma supply rate, plug 
formation, over-pressure build-up and resulting stick-slip cycles 
(Denlinger and Hoblitt, 1999; Jaquet et al., 2006). Furthermore, 
we notice that SH explosive sequence was characterised by larger 
erupted mass per explosion (i.e. average of 108 kg of erupted mass 
per explosion; Druitt et al., 2002) with respect to the other se-
quences analysed in this study. Therefore, excluding SH dataset, 
the correlation coefficient (R) of parameters, μ and s, for all the 
studied datasets and the published explosions, reaches 0.93.
The log logistic parameter μ is a function of α, the median of 
the fitted distribution, which, for the analysed dataset, equals the 
median of observed repose time (tmedian) with a maximum per-
centage difference of 12%. For this reason, we can assume that, 
the relationship of magma viscosity of eq. (4) can also be ap-
plied to the median of the distribution (α) as shown in the Fig. 6. 
The regularity of the explosive pulses (indirectly quantified by the 
parameter s) reflects the interplay among several processes, each 
acting at different timescales and contributing to the complexity 
of each system within a stationary regime. The time to an explo-
sion might be due to a combination of dependent variables (e.g. 
porosity development, magma feeding rate) rather than a single 
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cles) and previously studied eruptions (squares). Labels as in Table 1. Error bars cor-
respond to the standard error of fitted parameters. Correlation among μ, α, tmedian
and viscosity is based on equation (4). The difference between tmedian and α (the 
median of the fitted distribution) ranges from 1% (Et-Ju) to 12% (Skj-Sh).
failure process, the fragmentation itself. Therefore, the regularity 
of the distribution is positively correlated to the complexity of the 
system, i.e. the number of variables (processes) involved and the 
range of associated timescales, which are derived from the balance 
between magma-rise rate and fragmentation efficiency. The posi-
tive correlation between μ and s suggests that for low-frequency 
explosions, the regularity of the system decreases, implying that i) 
the number of physical processes controlling the activity increases, 
or ii) the interaction among variables has stronger non-linear ef-
fects.
Survival analysis and log-logistic fitting allows for the character-
isation of the average properties of Strombolian sequences (low s, 
low μ) with respect to Vulcanian sequences (higher s and μ), but 
they also show that the periodicity of explosion (i.e. the distribu-
tion of the repose times) varies regularly across the eruptive styles 
and therefore the definition of a threshold between the eruptive 
styles (i.e. critical μ and s) is ambiguous. In other words, it is 
very difficult to define limits of Strombolian and Vulcanian styles 
based only on the distribution of repose intervals, because the dis-
tribution of eruptive pulses changes regularly across degassing (i.e. 
bubble vs. fracture controlled), and fragmentation regimes (i.e. in-
ertially driven vs. fragile), which characterise the different styles. 
Classification of different styles of pulsatory explosive activity is, 
thus, a complex task, which requires the definition of several cri-
teria based not only on tephra characteristics and column height, 
but also on the analysis of the pulsatory behaviour. This is one of 
the main reasons of confusion and uncertainty related to the ap-
plication of traditional classification schemes.
6. Concluding remarks
Volcanoes are complex stochastic systems within which several 
physical processes, characterised by distinct timescales, interact. In 
the case of eruptions consisting of sequences of explosions, i.e. pul-
satory explosive activity, the distribution of repose time between 
explosions gives important information on the eruption dynamics.In our datasets, repose times show positively skewed distri-
butions, which can be satisfactorily fitted by several univariate 
models. In any case, the median of the repose times (tmedian) is 
positively correlated with the viscosity of the magma, and to one 
order of magnitude follows the simple relationship η ≈ 100 ·tmedian , 
suggesting that viscosity is the main magma property controlling 
eruption periodicity.
A more detailed analysis of the selected type style sequences 
allowed for the direct comparison of eruptions marked by differ-
ent styles and intensities. Accordingly, survival analysis of the re-
pose interval between consecutive explosions provides insights not 
only into quantifying unsteadiness but also into understanding key 
mechanisms of explosion dynamics. Among several models which 
could be used to describe these distributions, the log-logistic one is 
the most suitable because it describes accurately all the eruptions 
and is capable to depict the regular variations of the properties of 
distributions of Strombolian to Vulcanian eruptions by means of 
the key parameters, μ and s, which are linearly related.
While μ is a function of the median of repose time and can 
be correlated with magma viscosity, the log-logistic parameter s, 
quantifying the regularity of explosions, is a function of the system 
complexity and represents the response to the interaction of sev-
eral processes and parameters (e.g. magma feeding rate, porosity, 
permeability, conduit and plumbing system geometry). The rela-
tion between μ and s encompasses the interplay between magma 
viscosity and conduit processes, which in turn controls fragmen-
tation dynamics, showing a continuous variation between eruptive 
styles from very frequent and regular mafic events (Strombolian 
and violent Strombolian) to more sporadic Vulcanian behaviour at 
silicic systems. These results suggest that, due to the complexity of 
their dynamics, classification of pulsatory eruption should be based 
not only on the properties of the tephra deposit and plume height, 
but also on the periodicity of the pulses.
Finally, we note that survival analysis of explosive pulses is a 
relatively simple method, which enables the quantification of the 
pulsatory behaviour of volcanoes during ongoing eruptions. In ad-
dition, due to the strong correlation between the distribution pa-
rameters and magma viscosity, it also has enormous potential for 
probabilistic hazard assessment and eruption forecasting.
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